Technological solutions regarding automated sorting of food according to their quality 14 parameters are of great interest to food industry. In this regard, automated sorting of fish rest 15 raw materials remains as one of the key challenges for the whitefish industry. Currently, the 16 sorting of roe, milt, and liver in whitefish fisheries is done manually. Automated sorting could 17 enable higher profitability, flexibility in production and increase the potential for high value 18 products from roe, milt and liver that can be used for human consumption. In this study, we 19 investigate and present a solution for classification of Atlantic cod (gadus morhua) roe, milt 20 and liver using visible and near-infrared hyperspectral imaging. Recognition and classification 21 of roe, milt and liver from fractions is a prerequisite to enabling automated sorting. 22
Introduction 35
The whitefish industry in Norway is a growing industry with small profit margins. The total 36 quantity of whitefish catch in 2013 was 0.775 million metric tons measured in live round 37 weight (Olafsen et al., 2014) . From this amount, there were generated 0.34 million metric 38 tons (44% of the total catch) of rest raw material (by-products). Rest raw material is the raw 39 material that is generated after the fish are gutted and processed. The most known rest raw 40 materials are heads, tongues, liver, roe and milt. The amount of rest raw material that is 41 utilized is only 113 800 tons, meaning that 226 000 tons of rest raw material are not utilized at 42 all. Thus, there is a large potential in increased utilization of rest raw material, which may 43 enable a more sustainable and profitable whitefish industry. 44
One of the main reasons for the absence of the higher utilization of rest raw material from 45 white fish are the lack of technological solutions regarding automated sorting and handling 46 on-board the vessels. After gutting, the rest raw materials from white fish are piled randomly 47 6 6 colour and uneven distribution of colour over the surface area. The objective of our research 126 in this study was enable the first step towards automated sorting of roe, milt and liver by 127 accomplishing these research subtasks: a) completely characterize roe, milt and liver from 128
Atlantic cod by collecting reflectance spectra in the VIS/NIR (400-1000 nm) and SWIR (960 129 -2500 nm) wavelength range; b) establish a classification model for the most optimal 130 wavelengths or combination of wavelengths across the VIS/NIR range (400-1000 nm); c) 131 identify the most optimal wavelengths for the VIS/NIR range for particular wavelengths for 132 which there are commercially available lasers; and finally d) test and develop 133 classification/prediction maps. 134 135
Materials and methods 136

Sample preparation 137
In this study, sixty samples of three different raw materials (liver, roe and milt) originated 138 from Atlantic cod (gadus morhua) were prepared. The raw material was shipped from Nergård 139 AS whitefish company (Nergård AS, Tromsø, Norway). Samples were cut to nearly the size 3 140 cm x 2 cm x 1.5 cm (length x width x thickness). The samples were divided into 3 groups 141 consisting of 20 samples of roe, 20 samples of liver and 20 samples of milt, group A, B and C 142 respectively. Each sample was placed on a separate petri dish and labeled with corresponding 143 group letter and sample number. The samples were used to extract spectral characteristics, 144 establish and verify the classification models. 145 146
Hyperspectral imaging system 147
Hyperspectral images were acquired using two push-broom line scanning hyperspectral 148 cameras HySpex VNIR-1600 and HySpex SWIR-320m-e (Norsk Elektro Optikk AS, 149
Skedsmokorset, Norway). The working spectral range for the VNIR-1600 system is 400-150 7 7 1000nm with a spectral resolution of 3.7 nm, thus producing the total of 160 spectral bands. 151
The size of instantaneous field of view (iFOV) is approximately 10cm, with a spatial 152 resolution of 1600 pixels. The SWIR-320m-e system acquires hyperspectral images in the 153 wavelength range of 960-2500 nm, producing the total of 256 spectral bands. The size of 154 iFOV is approximately 9 cm, with a spatial resolution of 320 pixels. The working distance for 155 both cameras was 30 cm. Constant broad band illumination across the iFOV was provided by 156 two 150 W halogen lamps (Norsk Elektro Optikk AS, Skedsmokorset, Norway). Polarizers 157 (VLR-100 NIR, Meadowlark Optics, Frederick, Colorado, USA) were mounted on the camera 158 lens and on the light sources in order to avoid specular reflection from the samples. North Sutton, USA) and then conveyed across the field of view of the camera. The frame 171 period (22000 μs and 10101 μs for HySpex VNIR-1600 and HySpex SWIR-320m-e, 172 respectively) and integration time (21000 μs and 4500 μs for HySpex VNIR-1600 and 173
HySpex SWIR-320m-e, respectively) were set in the image acquisition software (HySpex 174
Ground, Norsk Elektro Optikk AS, Skedsmokorset, Norway) and remained the same for all 175 8 8 the samples. The dark current effect of the camera was corrected by subtracting the 176 background signal in real time during image acquisition process. The calibration files were 177 used to convert all images to "at sensor radiance" data followed by denoising procedure using 178 
Extraction and characterization of spectra 188
After image acquisition and reflectance calibration, the ENVI software (Exelis Visual 189 Information Solutions, Inc., Boulder, Colorado, USA) was used to extract reflectance spectra 190 from the samples. For each sample, five random locations were selected and spectra were 191 extracted by averaging over a 10 x 10 pixel window. In total, 200 spectra were extracted for 192 material A (roe) and B (liver), and 95 spectra were extracted for material C (milt) (one image 193 was corrupted during acquisition). Mean reflectance spectra of each tested raw material were 194 calculated from the extracted spectra and transformed into an absorbance profile according to 195
where A is absorbance and R is mean reflectance spectra of the given raw material. 199
The absorbance profile of each raw material was analyzed and the spectral features were 200 9 9 characterized. Inter-and intra-variation of each raw material were calculated using spectral 201 similarity measure (Spectral Angle Mapper -SAM) (Schowengerdt, 1997) . 202
203
The SAM method is a spectral classification algorithm that operates in n-dimensional space. 204
The method determines spectral similarity measure as an angle between two spectra, treating 205 them as vectors in space with dimensionality equal to the number of spectral bands. 
Wavelengths selection 214
Image classification is a decision process where each pixel of the image is assigned to a 215 known cluster/class. Since hyperspectral imaging provides information of a very high spectral 216 resolution, it is possible to construct the classifier that takes advantage of a nearly continuous 217 spectrum. Such a classifier can provide detailed classification maps based on the full spectral 218 profile. However this approach is not a practical solution in industrial applications, due to 219 high complexity of the system. Moreover, a system operating in the wavelength range above 220 1000 nm would significantly increase the overall costs of the system. 221
In our case, the classification algorithm should be able to distinguish three different raw 222 materials liver, roe and milt, using a limited number of spectral bands, preferably in visible 223 range of the spectrum. 224
The extracted reflectance spectra were used in wavelength selection procedure. Two models 225 10 10 were investigated, Model I operating on a single spectral band and Model II that involves 226 operation on two spectral bands. The optimal bands were selected using leave-one-out cross-227 validation method (LOOCV). Cross validation methods are commonly used to compare the 228 performance of two or more different algorithms and find the best algorithm for the available 229 data, or alternatively to compare the performance of two or more variants of a parameterized 230 model. In leave-one-out cross-validation, each iteration uses nearly all the data except for a 231 single sample for training and the model is validated on that single sample. An accuracy 232 estimate obtained using LOOCV is known to be almost unbiased, however it has high 233 variance (Refaeilzadeh et al., 2011; Efron, 1983) . 234 235
Single band model 236
To provide the reader with better understanding of the selection procedure we present the 237 evaluation of a model on a one band. In total, 295 reflectance spectra were extracted from 59 238 samples for material A -roe (100 spectra), B -liver (100 spectra), and material C -milt to select the optimal wavelengths that maximize the class separability between roe, milt, and 290 liver. It is known that reflectance spectra can reveal information about the differences in 291 colour of roe (Bekhit et al., 2009). We performed a complete characterization by measuring 292 spectral reflectance in visible (VIS), near-infrared (NIR) and short-wave infrared (SWIR) 293 band. To the best of our knowledge, this is the first study to have performed complete spectral 294 characterization of roe, milt and liver over such a broad spectral band. 295 296
Spectral characteristics 297
The average absorbance profiles of the tested raw materials in the whole spectral range of 298 400-2500 nm were calculated from the extracted spectra. The spectral characteristics are 299 presented in Fig.3 . The absorption bands around 540-580 nm are related to hemoglobin 300 
Intra-and inter-similarity 310
Spectral similarity measure (Spectral Angle Mapper -SAM) was used to calculate intra-and 311 inter-similarity of the raw materials in 400-1000 nm range. Intra-similarity was calculated 312 between all extracted reflectance spectra and corresponding mean spectrum of the material. Inter-similarity of tested raw materials was calculated using mean reflectance spectra of the 319 materials. Obtained results are presented in Table 1 would reach 74%, 71% and 65% for material A, B and C, respectively. The specificity for the 331 selected wavelength would reach 91%, 92% and 98% for material A, B and C, respectively. 332
The obtained values, especially sensitivity, are low as compared to the results obtained using 333 full 400 -1000 nm wavelength range (SAM). This is explained by a significant reduction of 334 the number of bands from 160 to 1 for Model I. 335
Classification statistics corresponding to Model II were superior to Model I. The 336 mathematical pre-treatment of two spectral bands according to eq. 3 increased the sensitivity 337 and specificity of the classification. Moreover, the performance of Model II using optimal 338 wavelengths was similar to that of SAM utilizing full wavelength range (160 bands). 339 340
Image classification 341
Performance of the classification models (Model I and Model II) were compared using images 342 of mixed raw materials. Obtained classification maps of three raw materials are presented in 343 Fig. 5 . The best performance was observed for pixel-wise SAM classification using the full 344 wavelength range (Fig. 5b) . The difference in performance between the Model I (Fig. 5c) and 345 the Model II (Fig. 5d) is clearly visible. Classification map provided by Model II is more 346 accurate, consists of less misclassified pixels, and is more similar to the one obtained using Table 2 can be substituted with commercially available lasers (Table 3) . Secondly, the 362 trade-off between cost and practicality of the imaging system on one hand vs specific 363 wavelengths identified in Table 2 highlights that the hyperspectral system, which is costly for 364 industrial use, in the current study can be easily downscaled to a practical image acquisition 365 system with the identified commercially available lasers (Table 3 ) and a low cost camera that 366 has a solid spectral response on the range highlighted in Table 2 . Combination of two different 367 wavelengths from Model II can also be solved by triggering two lasers (with respective 368 wavelengths from Model II) alternately every second frame of the camera in order to generate 369 almost simultaneously two images that can be used for analysis and image classification. 370
371
The key economic advantage of automated sorting of roe, milt and liver for the whitefish 372 fisheries is higher profitability. Since whitefish fisheries operate with very low margins, 373 introducing a higher degree of automation is a question of their survival (Tveterås et al., 374 2014 ). In Table 4 Norway (SSB, 2015) . We assume that by introducing automated sorting of roe, milt and liver 377 one has to consider: 1) investment costs in new technology consisting of machine vision 378 systems and robots to perform automated sorting; 2) operation costs for the new machinery; 379 maintenance cost for the new machinery; and 4) salaries for personnel involved in operation 380 and maintenance. The cost involving all these steps would still be lower than 1/3 of the totally 381 estimated cost of 155 mil USD needed for manual labour (Table 4) . Therefore, it is estimated 382 that a direct implication of introducing automated sorting of roe, milt, and liver in whitefish 383 fisheries would be annual savings up to 100 mil USD. On the societal aspect, introduction of 384 new ICT and automation technology would attract labour force with high education level to 385 serve and maintain the new machinery. This is crucial for a sector that is struggling with 386 recruitment of trained workforce. The environmental impact of introducing automated sorting 387 is that the capacity is increased and larger quantities of roe, milt and liver will go to products 388 for human consumption and the waste from these fractions would be considerably reduced. 389
All of these aspects are crucial for a sector that is trying to become sustainable and bio 390 economically efficient. 391 392
Conclusions 393
In this study, hyperspectral images of cod liver, roe and milt samples were acquired in the 400 394 -2500 nm range and specific absorption peaks were characterized. Inter-and intra-variation 395 of the materials were calculated using spectral similarity measure. One-band and two-band 396 classification models were developed to differentiate between the three raw materials in 397 VIS/NIR (400 -1000 nm) range. Important wavelengths were identified using cross-398 validation method, leading to the classification sensitivity of 70% and specificity of 94% for 399 one-band model, and 96% and 98% for two-band model (sensitivity and specificity 400 17 17 respectively). Classification maps were generated using optimal wavelengths and compared to 401 the classification maps generated from the full spectral profiles from VIS/NIR range. The 402 results showed that discrimination of cod liver, roe and milt is possible using combination of 403 two optimal bands and that hyperspectral system, which is costly for industrial use, can be 404 easily downscaled to a practical image acquisition system with a camera having a solid 405 spectral response and by triggering two lasers (at two optimal wavelengths) alternately every 406 other camera frame. 
